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Abstract

Personal credit is one of the most important businesses of commercial banks, and there is infor-
mation asymmetry in this business, and banks that are in information disadvantaged face enorm-
ous credit risks. “Knowledge is the ability to classify objects”, based on this view, this article pro-
poses that “personal credit assessment is a method of classifying the borrower’s credit”. SMOTE
has improved the unbalanced category of German credit data sets. Boolean reasoning approaches
objectively discretize some continuous indicators, overcoming the subjectivity of artificial discre-
tization. Based on the rough set genetic attribute reduction algorithm, the evaluation index of
German credit data set has a significant reduction effect. The index is reduced from 20 to 10 and
the reduction rate is as high as 50%, which realizes that the performance of the classifier is ap-
proximately constant, improving the interpretability of the classifier, alleviating overfitting, en-
hancing the generalization capability of the classifier, and greatly reducing the time-consuming
training of the classifier. After attribute reduction, the performance of the C4.5 decision tree has
improved. Logistic regression is the optimal model for attribute reduction of German credit data
sets.
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1. IRER

MNEVER D ARAT S EE S 2 —, TS FEEE R AN, A&TEE HHI7 FRAT R
EBERMGEHRE. KTAa2 “EHRE” , BRERER2INEHXRREGF A RGEEZ, Mt
o3t EARARRIE B A IS RSz o X T RDLARAT TS, S RS2 555 ARBEEZ), (5 R
T T AR R AT REVE -

PEAEA A FH R ) 2 22 DR AE RN 5 BTN (R ARAT) 2 [ 45 B AR . A2 B IR 3K
REISETTI, fEANA B LGB, TRNE T RS O B A0S B AT ORI
A, REERAWREMN . IR, FAHRAT X EFNKE B I EERATIRI, W R L RAT RES AR A7 IR
e e, R T AR A AR N BAE s R ML ARAT (33245 R SRR A HERR K . 2 A 4
IR2KG R AIBIRTT B ML ARAT (585 77 N DR BRI 3 A RR A — ot Xt RBEAT 73 RI0RETT
PRIEIR — WA A NAFE VAL — O RN I 2R T596 7« Blid248 U V1 2 70 28
A, AT DURRE A5 SN 5 B s SR I 2645 2 A5 T 0 2488, DAIXR R8P 145 T “ B i 7 (RD
RERE EAT U0 B “IRA 7 (RDHEEZ)) . 404 K HE 5 N T8 RE AR R D 7 ML AR AT XS A AS I PPAS T
JA T BB R ARAT R AR B S B ) B A e PR B 2 AR AT R B A A5 D4
PRE EANKE R SR s R T B B B A e

HARAZ IR “ o AT 7 2 — R RENSH L X 70 Bdm S A, A ATTRERS 2 T 3 AR ALK S0
ARFAES G 73 B E RIS A b, TR IAIZXT SRR 1]. 7 R E — s 3 . HERf
(. R 1 52 NG VAR R O T e Bl UL AR, B2 RHE R Z. Pawlak R T AR B2
g . P AT RSSR J 1E20 a1 SR on e S v B0 A5 VA S AR AT AR B, W] DUREAS S A5 20 2R 281
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Sy RV ST AT N, DB P A BB VEAG R AR, X AR m o AR T AR 2
HeRETT,  IF HOR Rk 73 S A5 (R U 2RI ] o

Brenda Mak il Toshinori Munakata (2002)7!] FH 125 [0 26 K1y S0 &5 S URE SR X5 FH3EAT T @28 5 o
Hr[2]o J. Chen 55(2007)45 HXF AN ANAF H S2 00 B K VFAL Fabr AU, HICNZBE K RIAERE, T £
JE AT X AN GS U 1 I B2 AR H /N3]. Yao Ping A1 Lu Yongheng (201 1)5eA FUHIES 845 B 4011, ARG
FIFH S 1 B LT @A I S 20 ) 70 . Logistic 0] A AR £R W 24 SRR HEAT LA, 5 ke 5 3
FF I LA S R G 70 R I St 105 FIVEAS RE I (4] FLIZ(2012) & eI iPAL 4R bR 21T T 401, RJ5
PR R ENIEAN NME S, RKMGEH 70 KRB I ZRFERT, BP0 KRR IR I EE 2
{61 I 2 A LR3I [5]. BHI2RTFE(2015) 51t 22 Mok K 48 J& 1t 24 ] SR HEAT 1T PRI A28 74 th i .
SISV TR PRI I BP #1245 14 73 SR IEH R A T AR 2 B A R B, (HPPEAS4EARH 20 NN 8
AN, RS2 0 48 3| ZRFE I B AR R [6]. MZIR(2015)i8 ] Logistic [A1V7. C5.0 wREFEA FBENLARARAR Y,
XF UCT ¥ e b B [E 45 & AT 7550 B, JEEx thrg H « = Fppi gl o B (T — P L A
BAXRE” [7]. BREQOL6)MH C4.5 hIEM . AR UM, SCRRaEAHLA BP #4241 A&
AR EAT TV, HAERER, XT38, eSS 2 B0 B T gk, (A4t
B (R E P S PTARRE eSS AL TS . X T AR s R AL, MR T~ DA bAE— B — A3 8],

ARCE SR A B> B R B 541 7R 38 B B B HOR N {5 B s S R 47 28 00 P4 5 B
AR TR, FL YRR FH 18 A J 1 240 ] R ot 2 A P s B h IR A FR R AT 20181, SRJ5 34T Logistic [H1H.
C4.5 PRI BP PRI I8 FISCHE ) AU RIS NE 2888, Ba Xt & Mo K88 IO PEREEAT EL A
VRO 5900 o A ST N s i i R R s B JR MR 20 181 5 B A2 8 7 B A 45 &, AR AE 0 R 1 MERe
A TR N, AR R A Z PP bR, BRSPS NS H VAl BT K

2. RRARKITESE
2.1. Logistic @Y7

Ban: f(x)=0'*x+b, ﬁqja)=(a)l,w2,~-,wm)T, x=(x1,x2,-~,xm)TW?\J@%ﬁ@”ﬂﬁﬂo Z A
PR IS B REA T PSR AR AR &, R 2R A BM5 TS DU Dy — s, SRS T A% DL A X
EAESRBEER, XIFRA NE G R R O — D WIR R “ L o DRI B0 2 1 (] YA A5 20 PR 2 )
(EIHEAT “ 5487, BOFFMRST B IXE][1,2], AR A AR E (5 A B0 SR 5 A € SOR 1, 5 FIRE X
N 2. B, HEANFEARPRAZRNBENT 1S B, ZAEARNERE N, RZ K. B
f(x)=g(a" *x+b), Hrh g () BRIEBRRREBR N SCENERABAL. Logistic [FIJRTALR ™ SCLEE [ )4
B ML, H T Sigmoid BAL £ (x) = ——— {EBEREE9].

1+ e—((oT *x+b)

2.2. C4.5 1 HBH

R R R R AR, B AT DO R, RN T DA R . X T
[ {5 PB4, BRI B SR AR AR AEAR T b, Al B “ o RN 8 8 AN PRAG TRAR Y “ 00 2R
AE” IR T XX AR AL 73 M T L )7 W 5 R P A (s T SR SN “ 27, I T A FS g
TEE R TERZER . X HREAS, T RLAAR Y sl 45 45 70 3045 i R I PRl PR ke 21— A
725 m, IXRERLSEIL T HTREAE FI A 7028 ST O AR (R DS BER AN (T T 57 3 R HE M AN 73 BEFRFE - C4.5
I ZAMENIZR T —Fof e i SRR R A 148 7 BRI v A5 U2 8 2k 1 T P45 J2 M B AR AL 1A e KA
I 2 R M PR SR bR AE 7 RRFAE[ 1]
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2.3. BP fHEZ R

N A I 285 i — Fofi 7 L AR P 4 20 X 4 A 3 () LA AT PRI U VE R X 4%, B AR N T TG
A Y. £ M-P oA R, DAL TR RS B2 A R AT AR R 1), A& ook B
flupoh 28 T A% B i SR () B B PEAS R AR E AR M, M TOR NG B T IR B, RER SR
SEMEAT LR, 5 a0 I 0 o O AL B DL AR R AL FR AR S B . X T AN LHE ML, FE2
BWNZ SR RERNGER, MAEMHETRABIERE, MEREE TSR o A
THEREL. £ Z T2 N 4% (Multilayer Feedforward Neural Network) 52 ) &M 0 5 H T — 205414
P TCHIE, [REPEE T0 2 (B RS 2 e e AN B SRV ) i RSB Z A B & o R — A
PEAGTEAR, TBAXTA NS VS BP #1248 W25 R I 2t A2 AR 0 11 S5 85 2500 AR 5 o U AS 7 b 1 B 4 42 0
ZIA) AR DL R BB RS R [9]

24. XFHEEN

X4 A P B S T A — B, HTUTABUN m e W i — i SCRF R BN T35
TR W x+b=0, w=(w,wy,,w,) » FLREUSH m 42 RIS BB SY, A543 FRAT (OB AR IR HG

PEASIZ S 70 AL AT T R P o IE B FRO AR P [ 435 )2 B RE R m 2 1) PP (RO RE AR5 A D0 R 7T RE IR
Mokl gy, SAEAS RS 5 P T A B JS RT RE A9

3. SCIEffR
3.1. BIENAE

78[5 15% F 244 (German Credit Data), KI5 [E 1 0N K 22 Rk SC 53 7% (University of California, Irvine)
JJT# 37 UCI Machine Learning Repository. ##E8EAEFEA SN EH 1000 4, HAEH “4F” BIFEAR
A 7004, FHA R BIREARA 300 . HORAETEE, HERBAPE, 5 20 MFETRFRA 1 ANk
JEME, o 3 ANESAIF2. F5. FIF13), 17 A NBEC, R ILE L.

3.2. GROBEIREREAR

ST EAE H HOE R R A A A BUIR, AR SCR & b #3 ad SR FE 552 R (Synthetic Minority
Over-sampling Technique, SMOTE)A /D ERHEAT I RAF AL FE,  DASAS Hl 4 25000~ . SMOTE J2& — i 2
TAEAE” AP BEEE BOTREAR A « R G i b B SRR A 48 (5 3R 2k AT 28 0 P (5
BN =133.5x300 Mk =5), GG RBEEERAE LA 700 4>, FRIRFFEEA 700 4.

3.3. HRZEEBMURAR

ARSI T R S TR AR R MR 1, e B RERSAE 7 AR PR REIL U AR AT IR T, b Bt gk
WIVEAL R bR . AHREHE IR ML I SE R X R AR AT HR AR 1, B EORRSER P IE L AU B BT, 2RI,
TEEEHEIEE DA 3 DFMEIRTR RSN, XAEORAE SR AR AT L AR X 3 DM PP TR AR I1E
TS B o 0 T A5 Pt SR R (B DM IESL M PP A R b, 1 F2 (GCERIK P 2 [8]) F5 (BT e A0 M F13 (4R
Bi), g FR RN [E) BB BN AR 2 J LA BB X TR R Gad T 20, RIS SO SR A1 7R 2 B AL
TR, FEXFLEEE T AR 1 B AU AR B 73 SR AR PERE AU R2 M . Nguyen H.S.F1 Skowron & W A 732 4 B
R B BHALEOR, R MR A UHE, G DT S I HR 48 I B A B B AR IR L
RN BIWT R 82 [10]. 78 45 A A £ 10 B Al 4 R 4 2,
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Table 1. German credit data

*= 1. EEERHE

PRREET Gincg HA (ke
DA SR L Fl BIEL F11 F12 F13 F14
SCENK RN ] F2 peEa [4,72]
(VIR SRS F3 BIEL F30 F31 F32F33 F34
r e et
PER & F5 bzt [250,18424]
TEE K IR I F6 BIHL F61 F62 F63 F64 F65
TEHR [A] F7 B F71 F72 F73 F74 F75
S3 BRSO I B e F8 BIEL F81 F82 F83 F84
PR S US WAAR B F9 BIEL F91 F92 F93 F94 F95
555 NARTRA F10 BIEL F101 F102 F103
1E I A3 b A ) 1) F11 B F111 F112 F113 F114
WG F12 EA F121 F122 F123 F124
R F13 P [19,75]
P FHARLS HEIEBL Fl4 BIEL F141 F142 F143
AR/ F15 BIEL F151 F152 F153
TEARAT I PR L F16 BIEL F161 F162
TAERE L F17 BIEL F171 F172 F173 F174
BELTRANEL F18 BIEL F181 F182
R F19 B F191 F192
R NANEA F20 A F201 F202
(RN D Bk D1 (4f) D2 (3%)
Table 2. Discretization of German credit data sets
%= 2. EEERRIEENEEIL
PRNEET JE R P32 82 HUAE I (1] N LB MU BUE X A] A7 /R 4R B U HUE X 7]
F2 (30K F gt 4.72) [0.6], (6.12], (12.18], (18,24], 0.2). 1)
IA]) (24,%)
‘ [0,1000] » (1000,5000] , [0,1286), [1286,2067) »
s (kD [230.18424] (5000,10000] , (10000,*) [2067,4152) . [4152,%)
F13 (4E#) [19,75] [18.35), [35,60), [60,*) [18,27) » [27.33), [33,42) , [42,%)

3.4. EEERYESEIR /N EELE

XM P =08, ZRMEP, =0.05, HAKETHAE gmax =100 JIAHI8 1L 8 L 6 5E45 2 1
18 B 5 T B SR 1) 2 A o/ N R PR L0 ) (e P FE AR R, PRAS TR B R JFORIK 20 NZTRDN 10 4>, Zofa ik
50% [11]. Tgs B E/ NP TEAR R L M, RAE S RAFERE T B iR . 18 FE A5 0 Bt 2k T
TR L AR BN R AR LK 3,
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Table 3. German credit data is based on the minimum evaluation index set of the genetic re-
duction algorithm

3. EEERHREETEEYHE LN R/ IMTEEIRE

e VAR

Fl DA ST S
F3 5 0 7 b
F4 Sk H i

FS ey

7 ZEB )

F8 SRR T RN LE 3
F9 P51 5 SRR
Fil TR R e
F12 B
F13 il

3.5. MAERRBEHE SR E A L a4

AR FH BB AR B FT T 22 R MR R 6K 2% (The  University of Waikato) & KPR R FCE RE T 3R
5% (Waikato Environment for Knowledge Analysis, WEKA). ll% iR 53283 1l x5 5 50 IR 4 i X 43R
10 K 10 F7538 XHHIE . FEASAE I & MR T, FHUe AR R Reie a5 s S B, RIA SO 3R
— MR ECLUTERR “17 )RS M/REEEBIGC MRS, £ oM BIRECUT R “27 ))2ks
RN TE A, FH3 T SMOTE 80 b8 (5 8 28 = AR SR (BU R fRiAR “37 )@ &nt
/R ERA, F4id SMOTE KAP# b B HdE 52 SBIUANEER (LA N FEIAR “47 )2 7E 3 (LA
XV TR PR EAT T AT (R 4~T).

R EIAR UK R R 1, 3 nTLAfS H, JE T SMOTE X 5 FH 08 1) 28 ) ~F- 17 4b BE Re 8 42 T+ 79
KA 7RG E . PRC Area Ml AUC, HIKKHIFEAR 158 —SREHR R, KRS HIN, KO EHEEE
M RIREARTIE 2 T5 IR, EEIR ISR 2588 2 DR R ML 240 B ST R ARt 428
TR GFRIFEA, BIEE —SRANRZAEH & XA 20 R 2R B/ SRS FE T iy, R R AR AT 3 L
SMOTE $&F+ 1 i IvF fabr, XEDIE T “Garbage in, garbage out.” ©

FET 3 NGRINr Ras vERe g m T AR T 2 ISR, XU WA R I AE B B BN TR B 43
KABPIVERE A TR, BRSSPl TR bR 2 I RITE 3 I AEA Bk AT o

FT AL AR EEAR R TR EE BRI 2 A RN RS, X EPRE 7 AR5 7 KA AR
TR S NP TR AR A E AR, RN SE 4. AR, FET 4 IR o 2K 235 1t e
ZHT RN, BRREIREIR/N, W C4.5 PSRM B2 B 0 B EUN I T 0.1%, W% 5, PERE T Bl
J5 B K [P) BP #HE N 26 73 R4 8 0 K B R B T 4.5%, UL 6.

A NI, 8 EAE AR 4 W) 20 NIRRT 9 10 A, AT Z a0k 50%, X fEE 5
KAV GRAERT KIE 45, X AR A S HSREh @R K, XA DBER, BNAT
FEBA E o0 S AP A A B0 AT C5dE, AR TRASE A (1) B[R] 5 2% R R~ () 5 2% B RV B AT AT 3, i LI
FEIR SEE8 AEAS [F] PR LT IS AT T8 BE 2 AN R, S ali B A Y () I RN 2 A 73 SLH

5, ARG IS VAL TEAR LRI C4.5 Yo 7 KA R MEREAE SRR B2 AT g T, W42 5, ROC
Area $27t 1 0.016, PRC Area #2711 0.023, XM S B 1 PEAL TR AR IR Z2 i T C4.5 PRI 5 K48
FIPUEYSET R

i
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Table 4. Performance comparison of personal credit evaluation classifier based on logistic regression

= 4. BT Logistic MYVAN N AR T 2 L[ AMRELLER

RIYIHEE (%) R (%) F-Measure ROC Area M PRC Area
1 75.0 49.0 0.744 0.776 0.793
2 76.2 22.4 0.762 0.841 0.832
3 76.6 22.4 0.766 0.841 0.829
4 75.1 23.7 0.751 0.824 0.813
Table 5. Performance comparison of personal credit evaluation classifier based on C4.5 decision tree
5. BT C45 RRMHD NERITE D LKFRIMEREELER
RS (%) B RER R (%) F-Measure ROC Area S PRC Area
1 73.1 55.3 0.721 0.685 0.692
2 74.1 27.9 0.741 0.756 0.706
3 75.2 26.1 0.752 0.757 0.708
4 75.1 24.4 0.751 0.773 0.731
Table 6. Performance comparison of personal credit evaluation classifier based on BP neural network
& 6. ET BP HEMLEHI N AE B I 57 3T HIMEREELER
RIYFHREE (%) B REERE (%) F-Measure ROC Area M PRC Area
1 72.5 49.0 0.722 0.736 0.763
2 79.4 18.4 0.793 0.870 0.861
3 79.2 18.9 0.792 0.865 0.849
4 74.7 22.1 0.747 0.822 0.807
Table 7. Performance comparison of personal credit evaluation classifier based on support vector machine
= 7. BT FEENHN ANERITE S LI RELLE
RIYFHREE (%) B REERE (%) F-Measure ROC Area M PRC Area
1 74.5 48.7 0.740 0.679 0.684
2 75.5 23.7 0.755 0.755 0.693
3 77.2 22.4 0.772 0.772 0.710
4 75.0 23.1 0.750 0.750 0.688

4. &5ig

A NAT PRGBS PPA i U A5 P DRSS 80 o i R o AR SCHE A1 7R T2 0 0 S AL B AR 2 W xe— i
SR bR L, SR TN TR AL B A S L R ik, 25 BRTUAR 5 AR PP i 15
M STA RIVTAS AR AR A 2R, TR P B AR, 0SS RS PP A IR R 48 S R
FH BV A 75200 4 )5 P B B AT VP A, 25 R, VPR RCR B3, TR LR LA

1) Xl E {5 AR 4210 SMOTE 2851 i b 32 WA B2

FeTRANA TG BRI 2R3 2 1 20 KA I R RRA AT, SR F 732 RS E M
NI SRy RE%, RFER D 2Ras 2 2 Ja WRIR) — DIREA IR 73 25 A 102 %, AR

SRR o
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2) fi/REH BB BRI ERT N T E#L.

A IR 5 B R B AR W — S S 4R AR B U, s TN TR BRI W, S e FE AL
PEEEREE I 25 HE M RETE i R 43 26 8%

3) MEEE AR RS BIEAE, PHETEAREH 20 NN 10 4, A SIS 50%.

S PEAETRPR A T EUR S, BURE T A BRI 2R 2 BB R N IR AR AN TR 2
B 4.5%, BN 0.1%), FERIETF T C4.5 PRI 532251 ROC Area 5 /&t PRC Area. 702525k
RER) N B2 AT 3210, DRORVEAS FE AR AU S - T A2 () ol SRREVE L G171 C4.5 VR 73 B2 1 4
PTET ARz AR 1. KIEERIAE5 T 0 K2R I ZRkert .

4) STFHEIEE 4, Logistic [FJA52835 2 &I,

i LL Logistic [AVA4r 28 HIVERENE N FEME, Logistic [HIH5 C4.5 Heibt /)28 B f i 1 4y 25K
J£; BP MR 4550 R A BRI 38 8 1R % Logistic [F1JH 4328831 ROC Area. /&t PRC Area o
BEst « FHR K RERAUT 1070 28887 X —HIM, BILLUL Logistic B9 288 2 5 iF 1. KN Logistic 2115
BT AT fR A I 5, BEASVREAS R AR R 23 2845 sz ma o] AP Fa AR B E L B E H . Logistic [|)5
FC4.5 PSRMAH LT SCRE BN BP #H2 W4 5 T2, HIEE TR E Mo R8I gFen B E 0T 5
P o AR SR T SR, X A A P B S 00 & M 2 R BLIZ A 2 1Y), Logistic [B1VA4) 488 2 B i
o

e, ARSCLUR, EFXRRE R, R SRR E B R AR A R I GREE AR )
HH . R AN B BT S, AEEL I R BR R TR S R AR 2 HUE 0
TNHORTFIZ LI T G0 12 75 -5 R5 U 00 1] A DG C (9] AR SC B 7R SR ALHTURE 58 J8 M 20 18] 55 22 Fb 3 2t
RUMHZE G 0 R, B IR 5 25 R 7E A A5 FH 508 S AN AR AT ) 7 AT 25 o BT

E&WE

FE K AR 0 H (17BIY233).
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